While DNA sequence evolution has been well studied, the expression of genes is also subject to evolution. Yet the evolution of gene expression is currently not well understood. In recent years, new tissue/organ specific gene expression datasets spanning several organisms across the tree of life, have become available providing the opportunity to study gene expression evolution in more detail. However, while a theoretical model to study evolution of continuous traits exist, in practice computational methods often cannot distinguish, with confidence, between alternative evolutionary scenarios. This lack of power has been attributed to the modest number of species with available expression data.
Introduction
Studies of species evolution typically focus on the evolution of species' genetic code. However, in complex multi-cellular organisms all cells utilize the same genetic information, yet they show remarkable phenotypic differences arising from distinct transcriptional programs executed in different tissues/organs. These divergent transcriptional programs underline tissue/organ specific evolutionary adaptations and are subject to tissue specific constraints. Evolutionary analysis of gene expression can thus shed light on the evolutionary processes in ways that cannot be achieved by the analyses of sequence alone.
The understanding of the interplay between species evolution and tissue specific constraints is still limited. The results of initial analyses of gene expression evolution were controversial. For example, early studies of the evolution of primate gene expression suggested that expression evolution is largely consistent with the neutral theory of evolution (Khaitovich et al. 2004 (Khaitovich et al. , 2005 while subsequent analyses uncovered signature of positive selection in brain (Khaitovich et al. 2006b ) and testis (Khaitovich et al. 2006a) . However, at the same time, other studies suggested that in both, primates and model organisms, stabilizing selection is likely to be the dominant mode of gene expression evolution (Gilad et al. 2006; Rifkin et al. 2003) .
In the past decade, several gene expression datasets encompassing a larger number of species have been collected and analysed [mammals: (Brawand et al. 2011; J. Chen et al. 2019 ), vertebrates: (Chan et al. 2009)] . Recently, we collected a large dataset of gene expression focusing on the Drosophila phylogeny (Yang et al. 2018) . Analyses of several of these datasets revealed that the samples clustered generally by tissues rather than by species (or study), suggesting strong evolutionary constraints on tissue-specific gene expression. Yet, there are some sets of genes that cluster by species (Breschi et al. 2016) . These studies indicate that the interplay between tissue and species evolution is complex and gene-dependent.
Following the pioneering work of Felsenstein (1973) , neutral evolution of continuous traits, such as gene expression, is formally modelled by Brownian-motion (BM). Along a similar line of thought, Lande (1976) pioneered the use of the Ornstein-Uhlenbeck (OU) process to model evolutionary constraints and adaptive evolution of continuous traits. The OU process is stochastic and extends the BM model by adding an "attraction force" towards an optimum value. Combining the OU process on gene expression with the information about the underlining evolutionary tree (obtained, for example, from sequence analysis) allows modeling the differences in evolution along individual branches and thus helps uncover branch specific adaptation (Hansen 1997; Butler and King 2004) .
The newer gene expression datasets that span many organisms across the tree of life and include expression data on multiple tissues/organs have challenged us to put these theoretical models into practical use. Several recent studies used such stochastic models to study evolution of gene expression (Bedford and Hartl 2009; Kalinka et al. 2010; Nourmohammad et al. 2017; Brawand et al. 2011; J. Chen et al. 2019) . Unfortunately, these formal stochastic methods for modelling continuously varying phenotypic traits typically ignore the within-species variations. Yet, the gene expression differs even between genetically identical multi-cellular organisms, including significant individual to individual variation in Drosophila (H. Lee et al. 2018; Lin et al. 2016) . It has been long appreciated that ignoring these variations might bias the results in comparative data analysis (Joseph Felsenstein et al. 2008; Ives et al. 2007) . In support of this point, Rohlfs et al. (2014) built a model that ignored phylogenetic tree but included the within species variation where gene expression levels were normally distributed across species and individuals and showed that the current methods cannot distinguish data generated by such a model from constrained evolution. Within species variation was considered in the initial analysis of mammalian gene expression (Brawand et al. 2011 ) but without attention to computational efficiency of the approach or a demonstration that it impacted the results. More importantly, this study considered only constrained and adaptive evolution models ignoring the possibility of neutral evolution. A subsequent analysis of extended mammalian phylogeny showed that neutral evolution cannot be rejected for a large fraction of mammalian genes (J. Chen et al. 2019) . However, this last study did not consider the within species variations which might have impacted the results. In addition, studies on the OU models that do not account for within species variations, demonstrated this more complex model to be often incorrectly favored over simpler models such as the BM (Cooper et al. 2016) .
Given these conflicting approaches and having in mind the need to facilitate future analyses of gene expression evolution, we developed a rigorous and computationally efficient approach, Evo-GeneX, to model gene expression evolution for a given set of species under the assumption that the expression data for each species includes biological replicates. We show that by modelling the within species diversity EvoGeneX outperforms the currently available computational method OUCH (Hansen 1997 ) that does not use replicates. EvoGeneX has not only increased precision in detecting constrained evolution but was also able to uncover examples of adaptive evolution with relatively small FDR -a task that has been difficult to achieve with the previous method (J. Chen et al. 2019) . At the same time, thanks to our improved Maximum Likelihood estimation, EvoGeneX is very efficient despite the increased size of analysed data and increased number of parameters to be optimised.
We applied EvoGeneX to analyse our new expression dataset encompassing 5 different organs, from carefully selected representatives of the Drosophila genus (both male and female) where the expression data for each species, organ and sex was measured in 4 biological replicates (Yang et al. 2018) . The genus Drosophila is particularly well suited for studying gene expression evolution. The last common ancestor of the genus is assumed to date to the Cretaceous period about 112 ± 28 million years ago (Wheat and Wahlberg 2013) . The Drosophila species occupy diverse geographic locations and ecological niches (Morales-Hojas and Vieira 2012). Compared to the previous studies in mammals (Brawand et al. 2011; J. Chen et al. 2019 ) and vertebrates (Chan et al. 2009 ), the morphology of the Drosophila species is similar while at the same time the evolutionary distances are significantly larger relative to mammals or even vertebrates typically included in such studies. This makes Drosophila an ideal phylogeny to study the interplay among different modes of gene expression evolution.
Our analysis demonstrated that, in Drosophila, constrained evolution is more abundant than neutral evolution, however, neutral evolution cannot be rejected in a very large fraction of the genes. In addition, we found that many of the genes that are subject to constrained evolution are common to all organs and both sexes. To gain further understanding of variations in evolutionary dynamics between organs and sexes, we introduced an approach based on Michaelis-Menten kinetics. Our approach revealed striking differences in evolutionary dynamics of gene expression in male and female gonads. Finally, EvoGeneX revealed compelling examples of adaptive evolution.
Results and Discussion

EvoGeneX: A new method to model gene expression evolution
Given the gene expression data and a species evolutionary tree, our goal is to uncover the most likely evolutionary scenario of gene expression. The three basic modes of evolution considered in this study are: (i) neutral evolution, (ii) constrained evolution (purifying/stabilising selection) where the evolution of gene expression is biased against divergence from some optimum value, and (iii) adaptive evolution where the expression in different groups of species is biased towards different optimum values. With respect to the adaptive evolution, in this study we will focus on a special case where with two groups of species defined by two sub-trees of the evolutionary tree. However the method is general and can also be used when the groups of species are defined by, say, common habitat rather than an evolutionary relation. Following standard practice, we assume that the evolution of gene expression follows a stochastic process. In particular, we assume that neutral evolution follows Brownian Motion (BM) -a special case of the more general mean-reverting Ornstein-Uhlenbeck (OU) process -the broadly accepted model for the evolution of continuous traits such as gene expression (Hansen 1997; Butler and King 2004; Bedford and Hartl 2009) . This model assumes that gene expression follows a stochastic process that is "attracted" towards some optimum value. The strength of the bias is modelled as a constant α. The optimum value to which the process is attracted is allowed to change over the evolutionary time, reflecting changes in environmental or other constraints acting on the trait.
Assuming neutral evolution as a null model, our goal is to use a hypothesis testing framework to uncover alternative modes of evolution. Towards this end we developed EvoGeneX, a mathematical framework to estimate the parameters of the process given the data. To account for the species variability, we assume that for each species i, there are several observations reflecting within-species variability of the trait of interest (here expression of a specific gene). Denoting the value of the kth observation of the trait for species i by y i,k we set:
where T i is the evolutionary time from the least common ancestor of all species in this tree to species i. Furthermore, for t ≤ T i we define: where X i (t) follows the OU process:
In equation (3) the term σdB i (t) models the increments of standard Brownian motion (BM), β i (t) is the optimum trait value for species i at time t, and α i is the strength of the attraction towards the optimum value. In addition, β i (t) is assumed to change in discrete steps corresponding to the speciation events (internal nodes of the evolutionary tree) (Hansen 1997; Butler and King 2004; J. Chen et al. 2019) . Finally, ε i,k ∼ N (0, γσ 2 ) is an identically distributed Gaussian variable with mean 0 and variance γσ 2 that models the within species variability. We assume that within species variance is smaller than evolutionary variance, hence the factor γ is assumed to be less than 1. Given this general framework, we use hypothesis testing ( Figure 1D ) to differentiate among the following evolutionary models: (i) neutral evolution: α = 0, (ii) constrained evolution (stabilising selection): α > 0 and one common optimum β i (t) = θ 0 for all i and t, and (iii) adaptive evolution (evolutionary shift): α > 0 and two different optima θ 0 , θ 1 representing two regimes with optimal β values θ 1 in a specific subtree and θ 0 in the rest of the evolutionary tree. In all cases appropriate θ values together with α, σ, γ must be estimated from the data (i.e. values y i,k ). Towards this end, in the Methods section, we describe our efficient method to compute Maximum Likelihood estimate of the parameters of the model.
EvoGeneX outperforms the previous leading approach
First, we use simulations to test whether EvoGeneX preforms better than the previous approach, OUCH (Hansen 1997; Butler and King 2004) , that does not account for within species variation. We simulated 2000 genes with one optimum expression value θ 0 and different values of the parameters σ 2 , γ and α where 1000 are constrained and the rest are neutrally evolving (Supplementary Section S5).
To each of these 2000 simulated gene expressions we applied EvoGeneX and OUCH, to predict the mode of evolution (constrained or neutral). We used two P-value thresholds: 0.01 and 0.05 both adjusted for multiple testing using Benjamini-Hochberg correction. In Table 1 we report summary results for all simulations (threshold 0.00) and, separately, summary of the results where at least one of the methods achieved precision at least 0.55 thus excluding the instances where constrained evolution was hard to distinguish from neutral evolution by either method.
Overall, EvoGeneX has consistently higher precision and specificity at the expense of recall. Thus, EvoGeneX is more conservative in predicting constrained evolution and is less likely to predict a more complex model for data simulated using the neutral model, correcting an important issue of the OUCH approach. In addition, despite the need of estimating an additional parameter and considering larger input data, with more complex relations between them, EvoGeneX is only about 2 fold slower than OUCH to infer from 4 replicates (Supplementary Section S9).
Stabilising selection and neutral gene expression evolution in Drosophila
Previous studies in mammals and some other vertebrates report, that when using Pearson's or Spearman's correlation as a similarity measure, the expression data from different organs and species predominately clusters by organs (Brawand et al. 2011; Chan et al. 2009; J. Chen et al. 2019; Sudmant et al. 2015) . Given large evolutionary distances within the Drosophila genus, we first asked if this observation also holds for Drosophila. We used previously collected expression data (Yang et al. 2018 ) from 9 Drosophila species (Figure 1 
virilis (dvir), D. mojavensis (dmoj) and D. grimshawi (dgri) across both sexes and five organs: head (HD), gonads (GO), thorax (TX), viscera (VS) and abdomen carcass (AC) (see Supplementary Figure S1 for an illustrative cartoon of the tissues). Indeed, using 1 − S(X, Y ) where S(X, Y ) is the Spearman's correlation between replicate-averaged genes expression, we observe that the expression data predominantly clusters by tissue (Figure 2A, Supplementary Figure S2 for PCA analysis). However, when we used log gene expression values and Euclidean distances then related tissues of the same species often clustered first (Supplementary Figure S3 ). Specifically, with this similarity measure, head and thorax typically cluster together. This reflects the fact that in fly these two organs are related. Thus both tissue-specific and species-specific trends can be observed, depending on the weight given to genes in the tails of the expression distributions.
Next, we used EvoGeneX to identify genes that are subject to constrained evolution and those for which the null hypothesis of neutral evolution could not be rejected. To focus on the genes that are relevant for a given tissue and sex, we included in this analysis only those genes that have normalised read counts of more than one in all 4 replicates and all species. Independent of organ and sex, and despite the stringency of our model, the hypothesis of neutral evolution could be rejected for more than 50% of the expressed genes ( Figure 2C ) . In what follows we refer to a gene as "constrained" if the null hypothesis was rejected for that gene, "neutral" otherwise. Note that, technically, this neutral group also contains weakly constrained genes which could not be confidently distinguished from the neutrally evolving group.
Subsequently, we asked if there are genes that are shared by constrained groups in more than one organ/sex. Perhaps not surprisingly, the biggest set of genes jointly constrained was in the intersection of all the organs ( Figure 2D for overlaps of more than 100 genes and Supplementary Figure S4 for all overlaps). Gene Ontology Enrichment Analysis (GOEA) revealed that the most significant GOEA term for biological process for this gene set is mRNA splicing, via spliceosome. Alternative splicing is a highly conserved mechanism common to eukaryotes which explains the constraints that are put on its expression divergence in all tissues. Interestingly, genes constrained in male and female samples of head only were enriched in the GO terms for visual perception. Vision is an important evolutionary trait and, thus, many associated genes are indeed expected to be a subject to purifying selection. However, differences in visual perception might also contribute to adaptation and the trade-off between the two modes of evolution of the visual system warrants further investigation. More details on the GOEA of the overlapping constrained gene groups can be found in Supplementary Table S1 .
Differences in evolutionary dynamics across sexes and organs
Next we wanted to compare evolutionary dynamics between sexes and organs. To do this, we considered the relation between the evolutionary distances and expression divergence, measured as 1−S(dmel, X) where S(dmel, X) is the square of Spearman's correlation between replicate-averaged expression in D. melanogaster and species X. Subsequently, we fitted the Michaelis-Menten curve sex species tissuef (x) = xV max /(K + x) for constrained and neutrally evolving gene sets separately ( Figure 3E , Table 2 ). Here V max is the maximum (putative equilibrium value) of 1 − S(dmel, X) and K is the value of x where f (x) = V max /2. Thus V max estimates the constraints on the divergence of the given group of genes while K measures the 'speed' of evolutionary dynamics: K close to zero corresponds to the situation where the value V max corresponding to the equilibrium divergence is immediately achieved. In contrast, K can be seen seen as a measure of the speed of the divergence of Spearman's correlation relative to its estimated maximum value V max where larger K correspond to slower relative divergence to the projected equilibrium at V max . Table 2 shows the values of V max and k for the two gene groups for all combinations of tissues and sexes. As expected, V max values for constrained groups of genes are systematically smaller than the V max values of neutrally evolving genes for the same tissue/sex, although in the case of abdomen carcass (AC) the difference is small (consistent with small K values for neutral AC groups). Strikingly, male gonads are far less constrained (larger V max ) than any other organ in any sex. This is true not only for the constrained group, but also the V max for neutrally evolving male gonads is the highest. The high V max value for neutrally evolving genes in female gonad is surprising since, unlike male, female gonads don't stand out as being less constrained than other tissues in the constrained groups. Indeed, the large K value for neutrally evolving female gonads genes suggest that the changes (relative to the V max value) are slow. These results show that the expression evolution of male and female gonads follow drastically different dynamics. Moreover, these results do not depend on the species taken as reference (D. melanogaster here) as we observe similar results when D. pseudoobscura or D. virilis is taken as reference (Supplementary Figure S5 and Table S2 ).
EvoGeneX reveals examples of adaptive evolution
Differences in the habitat, evolutionary bottle necks, or other factors might lead to evolutionary shifts of optimal expression values. As a result, the optimum value of a gene expression might be different in different branches of the evolutionary tree. Statistically, detection of such evolutionary adaptation is very challenging and current methods have very limited statistical power that has been attributed to the relatively small sizes of evolutionary trees for which the tissue specific gene expression data is available (J. Chen et al. 2019) . We reasoned that by utilizing replicates for the estimation of within species variability, EvoGeneX might have higher power for detecting such adaptive evolution. We used a hypothesis testing framework, where we first tested if both, the neutral BM model and constrained model are rejected in favor of adaptive evolution. We focused on the two scenarios below.
First, we tested for adaptive evolution two subtrees: Sophophora and Drosophila (Figure 1) . The species in these subtrees differ in many behavior factors including diet: Sophophora species feed on fruits while Drosophila species feed on vegetable diet (Markow 2015) . In addition, presence of multiple species in each subgroup allows for assessing FDR using a permutation test (J. Chen (Table 3 ). This should be contrasted with the FDR of 0.56 obtained for the same test using OUCH approach. We note that there are substantial differences in wiring and gross anatomy between male and female fly brains (Cachero et al. 2010) . In particular, male heads express male-specific isoform of the fruitless gene that is known to regulate male courtship behavior (Kimura et al. 2005 ; G. Lee et al. 2000) . The set of adaptive genes uncovered by EvoGeneX can provide additional cues for male specific adaptation of fly brain and warrants further investigation. The second very interesting case is the evolution of D. grimshawi, a unique Hawaiian species which exhibits stunning phenotypic differences relative to the other species in this study (Figure 1 ) such as very limited ability to fly and very unusual diet. We tested the two regime scenario: D. grimshawi vs others. Since in this case we could not apply permutation test as only one species is under a regime, we tested for the statistical significance of the overlap between the putative male and female adaptive genes. Given that the measurements of male and female expression are completely independent, a statistically significant overlap provides a strong support for an adaptive evolution of these genes. We found significant overlap for all tissues with the most spectacular overlap for the thorax genes (Fisher's test P-value 1.845591e-92, Table 3 ) closely followed by genes active in head which is consistent with the pronounced differences in the body and the expected adaptation to the highly specific diet and environment of this Hawaiian species.
Conclusions
Studies of the evolution of gene expression can profoundly contribute to the understanding of the molecular system underlying phonetic traits. However these studies have been hampered by limited statistical power of the available methods. For example, it has been recognised that the power of the existing approach to detect adaptive evolution (evolutionary shift) is low and suggested that a larger evolutionary tree is required to preform such analysis (J. Chen et al. 2019) . We argue, that rather than increasing the size of the tree, which might be difficult, one can utilize biological replicates that are often readily available. Indeed, scientists increasingly collect their data in multiple replicates. This data provides very valuable information about the within species variation that could be used to boost the performance of the method without increasing the number of species under study. Addressing these needs EvoGeneX formally includes within species variation estimated using biological replicates ensuring increased precision relative to the previous leading method.
We used EvoGeneX to provide the first analysis of gene expression evolution across different organs, species, and sexes of the Drosophila genus. Our analysis uncovered interesting but differential evolutionary dynamics of male and female gonads. It has also been able to detect, with high confidence, examples of adaptive evolution in the context of the very unique Hawaiian fly -D. grimshawi As an species unique to Hawaiian islands, D. grimshawi experienced evolution bottleneck. It also had to adopt to unique environment and diet. In addition, in the context of Sophophora and Drosophila subgroups, we found a signature of adaption in gene expression in male heads that we plan to investigate in follow-up studies. While these two subgroups differ in their diet the fact that the adaptive genes were found only in males suggest that they might be related to the difference in sexual relations such as courtship, response to pheromones or other aspects of sexual dimorphism of gene expression in head.
Overall, our results suggest that, by taking full advantage of the existing gene expression data, EvoGeneX provides a new and powerful tool to study gene expression evolution.
Materials and Methods
Data and data / software availability The expression data (Yang et al. 2018 ) was obtained from the NCBI GEO database under accession numbers GSE99574 and GSE80124, and the phylogenetic tree was obtained from Z.-X. Chen et al. (2014) (Supplementary Section S1). The source code for EvoGeneX is available at the NCBI public Github repository: https://github.com/ncbi/ EvoGeneX. A software pipeline to analyze the data using EvoGeneX was built using JUDI (Pal and Przytycka 2019) .
EvoGeneX model and its parameters EvoGeneX takes as its input a rooted evolutionary tree and the values of quantitative characters y i,k for all terminal taxa i and biological replicates k. Two sets of random variables, X i (t) at the taxa level and Y i,k at the replicate level, are used to model the evolution of trait value across time such that the observed trait value at time T i , the evolutionary time from the least common ancestor of all species in this tree to species i, is Y i,k (T i ) = y i,k . The two sets of random variables are governed by equations (2) and (3).
EvoGeneX further assumes that the optimum value β i (t) of "attraction" in (3) changes at speciation events only and remains constant along individual edges of the phylogenetic tree. The history of the ith lineage consists of a number, κ(i), of sequential branch segments demarcated by speciation events 0 = t 0
represent a selective regime where the evolution "attracts" towards a fixed optimum value β τ i of β i (t). EvoGeneX further simplifies the model by letting a small number, R, of distinct optimum values θ r , r = 1, . . . , R, each corresponding to one selective regime. In fact one of the most interesting cases corresponds to the model with two optima where one branch of the tree follows a regime of optimum values θ 1 and the rest of the tree θ 0 (J. Chen et al. 2019; Brawand et al. 2011) .
Let the binary variable β τ i,r indicate if the τ th branch on lineage i has operated in rth regime. Then we have β τ i = R r=1 β τ i,r θ r . Since each branch is associated with exactly one optimum, for each i, τ there is exactly one r such that β τ i,r = 1 and β τ i,r = 0 for all r = r . Further, self-consistency requires that β τ i,r = β η j,r whenever lineage i and j share the branch ending in epoch t τ i = t η j . Thus, for a given tree, y i,k s and β τ i,r s, EvoGeneX estimates the parameters α, σ, γ, θ 0 , θ 1 , . . . , θ R .
Inference of EvoGeneX parameters using Maximum Likelihood estimates
In the following, it will be convenient to make use of matrix notation. Accordingly, we collect our random variables, X i (t) for the trait values at the taxa, and Y i,k (t) for the replicated trait values, in vectors x(t) and y(t), respectively, and our observed quantitative data in vector y with components y i+(k−1)N = Y i,k (T i ), the observed value of replicate k of taxa i at the evolutionary time T i . The expected value of random variable y(t) at the taxa can be shown to be (Supplementary Section S4)
where 1 is a vector of all 1s, column vector θ = (θ 0 , θ 1 , . . . , θ R ) T and the weight matrix W is dependent only on α among the parameters and has entries v (i,k),(j,l) = v i+(k−1)N,j+(l−1)N = Cov[Y i,k (t i ), Y j,l (t j ) | X i (0) = X j (0) = θ 0 ] = σ 2 2α e −α(t i +t j −2s i,j ) (1 − e −2αs i,j ) + γσ 2 if (i = j) and (k = l) 0 otherwise.
It is known that y is a multi-variate Gaussian ∼ N (Wθ, V) with mean and co-variance given by equations (4) and (5) (Hansen and Martins 1996) . Thus, the likelihood of the parameters α, σ, γ, and θ, given the data y is
As maximizing L is equivalent to minimizing U = −2 log L, we seek to minimize U (α, σ, γ, θ | y) = N M log(2π) + log det V + (y − Wθ) T V −1 (y − Wθ)
However, it can be noted that V has a nice structure and can be expressed as σ 2 (Ṽ + γI) wherẽ V is dependent on α only among all the parameters and I is an identity matrix of size M N . The elements ofṼ are given byṼ (i,k),(j,l) = 1 2α e −α(t i +t j −2s i,j ) (1 − e −2αs i,j ). Thus, U can be expressed as U (α, σ, γ, θ | y) = N M log(2πσ 2 ) + log det(Ṽ + γI) + 1 σ 2 (y − Wθ) T (Ṽ + γI) −1 (y − Wθ) whose minimum can be estimated using any off-the-self nonlinear optimization solver. However, we improve efficiency by utilizing Karush-Kuhn-Tucker conditions. By setting the partial derivatives of U with respect to σ and θ to 0 at an optimal solution (α,σ,γ,θ), we get 
give the values of the remaining two parameters σ and θ at the optimal solution.
Maximum Likelihood estimates for Brownian model In order to compare EvoGeneX model of evolution with the BM model, we need to compute maximum likelihood estimates for the Brownian model (BM) accounting for the within species variation. BM is a simplified model in comparison to EvoGeneX: there is no "attracting" optimal values and hence there is no α parameter and θ has only one value, θ 0 , to be estimated. Using a procedure similar to the previous section, we estimate σ, γ, θ 0 from the given data ( Supplementary Section S4) .
Computing statistical significance We use statistical hypothesis testing to decide which of the three different modes of evolution the trait has undergone: i) neutral, ii) constrained and ii) adaptive (Section 2.1). For this purpose we use likelihood ratio test (Supplementary Section S4).
